The modeling results showed that, in the study area, the microwave signal saturated for SWE values between 0.3 and 0.5 m. It was found that the subfootprint-scale SWE variability has a significant impact on the saturation of spaceborne PM observations. The experiments demonstrate that this modeling system improves the accuracy of the radiance modeling, which is critical for estimating the mountain SWE via PM remote sensing either for informing direct retrieval algorithms or for data assimilation. We plan to use the modeling framework in future radiance assimilation studies.
I. INTRODUCTION
I N MANY regions of the world, the snowpack in mountain ranges plays a critical role in natural and human systems: Snowmelt runoff is utilized for agriculture irrigation and hydroelectricity generation, in addition to urban consumption from population centers, and montane snow effectively functions as a natural water tower [1] . Additionally, the analysis of the streamflow from snowmelt has been widely used to quantify climate change and its impact on various aspects of society. Being able to accurately measure and quantify the large-scale snow water equivalent (SWE) and the snowmelt onset over mountain ranges is an important objective that has both scientific merit and civil merit.
In situ measurement has been the primary method to characterize snow properties such as the SWE. In situ measurements accurately depict snow properties at the point scale; however, they cannot fully characterize the spatial snow variability, particularly in mountain areas where significant SWE variability exists due to rugged terrain [2] . In situ measurements mainly include snow course and snow-pit techniques, which are manually carried out, and automated measurements, e.g., SNOwpack TELemetry (SNOTEL) (see [3] ). Recently, snow sensor networks built with a near-optimal sensor placement have effectively improved the characterization of basin-scale SWE estimates [4] , but the development of such sensor networks could be potentially limited by significant economic costs and the inaccessibility of many snow-covered areas. Geostatistical interpolation methods to overcome these issues tend to perform better in observation-rich areas; the lack of in situ observations in snow-covered mountain areas raises challenges to the application of these methods. Moreover, the best current geostatistical interpolation methods can only typically explain ∼50% of the spatial variability [5] .
The need for spatially continuous snow observations has motivated the application of remote sensing. Passive microwave (PM) remote sensing contains direct and spatially continuous SWE information at a large scale. Snow scatters and absorbs the upwelling microwave radiation emitted by the earth, leading to the attenuation of the observed brightness temperature (T b ) that measures the magnitude of the microwave radiance above the snow surface; the inverse correlation between the SWE and T b forms the basis for estimating the SWE with PM remote 0196-2892 © 2014 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
sensing [6] . PM has been mostly applied in two ways in snow studies, i.e., direct SWE retrieval and the microwave radiance data assimilation. Direct SWE retrieval takes advantage of the difference in the sensitivities to snow between 18 and 37 GHz PM measurements, and it calculates the SWE from the regression of the interchannel difference [7] , [8] . Compared with direct retrieval, radiance assimilation (RA) frameworks merge the complimentary snow information from modeling and the PM measurements; such frameworks use the spatially continuous SWE signal in the PM measurements to constrain the errors in the modeled prior estimates and ultimately yields an optimal posterior snow estimate [9] - [12] . The multiscale snow information in a RA system allows for addressing finescale snow variability and constraining uncertainty propagation simultaneously, which shows promises for the quantification of large-scale montane SWE [13] . However, although PM techniques have been demonstrated to contain SWE information in mountain environments [14] , [15] , applying PM is challenging in both direct retrieval and RA because: 1) PM has a low spatial resolution compared with the spatial variability of snow properties; 2) the observed T b is a function of multiple snow states (e.g., stratigraphy, the grain size) and vegetation; and 3) the microwave signal tends to saturate (i.e., sensitivity is significantly reduced) once the snowpack reaches a certain depth. The magnitude of the Earth microwave emission is relatively low, leading to the low spatial resolution of PM measurements (tens of kilometers). In addition, there is no one-to-one relationship between the SWE and the observed PM radiance; many features other than snow affect the PM measurements [16] . Moreover, the volumetric scattering of the microwave radiance increasingly becomes significant with the accumulation of snow; the microwave signal eventually saturates and becomes invariable with further snow depth increases [17] . Although SWE retrieval algorithms and data assimilation techniques have been improved in the past few decades, applying PM to accurately estimate the mountain SWE remains difficult [18] . For example, the recently released global-scale SWE product GlobSnow (http://www.globsnow.info) combined the ground snow measurements and the PM observation in a Bayesian data assimilation system. The GlobSnow product provides the opportunity for global-scale SWE monitoring, but mountain areas were omitted in the data product due to high uncertainties [19] .
In order to advance the application of PM in montane areas, it is important to improve the understanding of the relationships between the microwave radiance and the snow-covered mountain environment. To this end, a number of laboratory and plot-scale studies have been carried out in recent years (e.g., see [20] - [24] ). A better interpretation of the spaceborne PM measurement is critical to improve our knowledge of how the mountain environment impacts microwave emission. Toward this end, we linked a land surface model (LSM) and a radiative transfer model (RTM). Within the coupled model, the LSM takes in meteorological forcing and simulates the snow states (e.g., the depth, the density, the temperature, and the grain size), whereas the RTM uses the snow states modeled by the LSM as inputs and simulates the microwave radiance above the snow surface. With this coupled model, we carried out a highresolution radiance modeling study for a maritime montane snowpack, comparing and validating against spaceborne T b measurements. Key parameters characterizing the mountain environment, including elevation, aspect, slope, the fractional forest coverage, and the modeling estimated snow condition, were explicitly resolved in the high-resolution model.
In this paper, we seek answers to the following questions: Can we use a relatively simple and computationally efficient model to capture the spatiotemporal patterns and replicate the observed radiance in mountain ranges, and what are the effects of the significant spatial variability of maritime mountain snowpack on the saturation of the PM measurements?
II. STUDY AREA AND DATA
A. Study Area
Our study was carried out in the North Fork of the Kern River Basin, Sierra Nevada, USA. Kern is located in the southern Sierra Nevada and is characterized by high-relief terrain and maritime climate. In winters, cold frontal systems (midlatitude cyclones) and the local orography generate significant snow accumulation over relatively short periods of time. Indeed, several large snowfall events typically account for a large fraction of the annual accumulation [3] . Fig. 1 shows the digital elevation model and forest cover of the North Fork of Kern, with elevations increasing toward the north. The forest vegetation coverage fraction decreases as the elevation increases. In this paper, our experiments were primarily carried out in the upper part of the basin (Upper Kern Basin hereafter), where the high elevation coincides with the low vegetation coverage and longlasting seasonal snow. The 511-km 2 Upper Kern has an average elevation of ∼3600 m and an average forest coverage ratio lower than 5%.
B. Data
There are three in situ snow pillows CBT, CHP, and UTY located in the Upper Kern Basin. We modeled snow and T b for water years (WYs) [2003] [2004] [2005] [2006] [2007] [2008] ; thus, the daily SWE data measured at these snow pillows during this period were used in our experiments. The elevation, the forest fraction, and the peak snow accumulation at each site are shown in Table I. TABLE I  ELEVATION, FRACTIONAL FOREST COVERAGE, AND PEAK SWE FOR  WYS 2003-2008 AT THE THREE IN SITU GAGES IN THE UPPER KERN In order to force the simulation of seasonal snow evolution and the microwave radiance, North American Land Data Assimilation System phase 2 (NLDAS-2) meteorological data were used. The hourly NLDAS-2 data used include precipitation, air temperature, specific humidity, air pressure, longwave and shortwave radiation, and wind speed. The raw NLDAS-2 data are at a spatial resolution of 1/8
• (∼15 km), which is too coarse to characterize the spatial snow variability and ground features in the complex mountainous terrain. Therefore, we set the modeling resolution in this paper at 90 m; all the NLDAS-2 forcing data were disaggregated to the 90-m modeling resolution, as described in [25] . In [25] , meteorological forcing such as air temperature, air pressure, humidity, and long-wave radiation are disaggregated using methods that have been published and validated elsewhere; a summary is provided in [25, Appendix A] . For the NLDAS-2 solar radiation that is often uncertain in mountainous areas [26] , Girotto et al. [25] separated it into direct and diffuse fluxes, each of which was topographically corrected. A probabilistic SWE reconstruction using the disaggregated forcing reported that the mean relative errors of the reconstructed SWE were 2.5% compared with the in situ snow-pit SWE measurements, and the correlation coefficients with the observed WY 1997 and WY 1999 discharge were found to be 0.88 and 0.97, respectively.
Vegetation data from National Land Cover Database 2001 [27] were used, including the vegetation type and the forest fractional coverage. The elevation for each pixel was obtained from the Advanced Spaceborne Thermal Emission and Reflection Radiometer Digital Elevation Model (ASTER DEM) product (a product of the Ministry of Economy, Trade, and Industry/National Aeronautics and Space Administration); the aspect and slope of each pixel were calculated from the DEM. As aforementioned, these terrain and ground data were also at a 90-m resolution to better characterize the rugged mountain terrain and the variability of the ground features.
In this paper, the T b observations from the Advanced Microwave Scanning Radiometer-Earth Observing System (AMSR-E) instrument aboard the Aqua satellite were utilized to validate the modeled radiance [28] . During its operational period from 2002 to 2011, AMSR-E observed microwave emission at 6.9, 10.6, 18.7, 23.8, 36.5, and 89 GHz with dual polarization. For most regions of the world, Aqua has daily ascending and descending revisits at 13:30 and 1:30 local time, respectively; the high temporal resolution is ideal for monitoring snowpack evolution. In this paper, we used the raw T b observation at the 36.5-GHz vertical polarization (V-pol) from the AMSR-E Level 2A product, with a native footprint size of 87.9 km 2 [28] .
III. MODELS

A. Land Surface Model
The estimation of the upwelling surface microwave radiance is accomplished via a coupled LSM and a microwave RTM. In this paper, the Simplified Simple Biosphere version 3.0 (SSiB3, see [29] ) LSM was used to predict bulk snow states. SSiB3 consists of the original land model SSiB and the Simple Snow-Atmosphere-Soil Transfer (see [30] ) snow scheme. SSiB3 characterizes the land surface biosphere with three soil layers, two vegetation layers, and three simplified snow layers. SSiB3 uses a simple relayering scheme during snowfall events [31] to maintain a three-layer approximation to the full snow stratigraphy. The simulation of the physical snow processes only using three layers makes SSiB3 computationally efficient. The prognostic snow state variables of SSiB3 include snow depth, density, temperature, and volumetric water content. These snow states are estimated based on the numerical solutions to the mass and energy balance equations associated with the snow processes such as fresh snow accumulation, compaction, microstructure metamorphism, and melting. The snow grain size plays a dominant role in radiance simulation [32] . We integrated the dynamic grain diameter model developed by Jordan [33] into SSiB3. Indeed, compared with the semiempirical Jordan model, there are many physical snow grain metamorphism models that could potentially better estimate the grain size (e.g., the Flanner-Zender model [34] ). We selected the Jordan model because it has the best combination of snow process representation and computational demand. The Jordan model characterizes the growth of dry-snow grain diameter d to be proportional to the vapor gradient inside the snowpack and inversely related to the grain size itself as follows:
where α 1 is a parameter for the dry-snow grain growth rate, with a recommended value of 5.0 × 10 −7 m 4 /kg, and U v is the vapor diffusion in the snow layer. The substitution of the expression for U v into the given equation illustrates that the grain growth is proportional to the temperature gradient of the snowpack (∂T /∂z), temperature T , and the atmospheric pressure P a of the snowpack as follows:
where D e0s is the effective diffusion coefficient for snow at 1000 mb and 0 • C, and C KT is the variation of the equilibrium vapor density with respect to the temperature. The Jordan model has been successfully applied to estimate the grain size [35] and has outperformed more complex grain size estimation schemes in one case [36] .
B. Radiative Transfer Model
An RTM must be employed in order to simulate the microwave radiance above the snow surface. In this paper, we have chosen the microwave emission model of layered snowpacks (MEMLS [37] ) to estimate T b at the 36.5-GHz V-pol, which exhibits a higher sensitivity to the snow's microwave scattering than other channels in spaceborne radiometers such as Special Sensor Microwave/Imager and AMSR-E [6] , [7] ; in addition, V-pol is less sensitive to the existence of ice layers [38] . In the coupled SSiB3 and MEMLS model, MEMLS takes in the snow states that were output by SSiB3 and simulates the microwave radiance above the snow surface. MEMLS is a simplified RTM that simulates the transmission of the microwave emitted from the Earth surface and the effects of vegetation and atmosphere on the microwave radiance. The model utilizes the rough bare soil model in [39] to describe soil emission, and it describes the attenuation of the radiance inside the snowpack and at the interface between the soil and the snowpack. Specifically, the rough soil model quantifies the reflection of the upwelling microwave radiance at the soil-snow interface by introducing the soil roughness length, which is a function of multiple soil properties and the radiance frequency. The soil roughness length and the ground temperature control the microwave emission during snow-free periods. Lakes (less than 1% of the overall area) exist in the study domain. As SSiB3 does not accumulate snow on top of frozen open water surfaces, the rough soil model is used here to simulate radiance for water bodies. In sensitivity tests, this assumption made little or no impact on the results. Future work will explore the optimal way to parameterize snow accumulation on frozen lakes.
To characterize the transmission of the radiance inside the snowpack, MEMLS uses the transmissivity of each snow layer to characterize volume scattering and absorption. MEMLS also simulates the reflectivity at the interface of two adjacent snow layers via the Fresnel equations [37] . In addition, the effects of the vegetation and the atmosphere were also taken into account in the radiance modeling using the methods described in [40] . The vegetation emission and attenuation of the upwelling microwave radiance was calculated, as described in [41] . The modeling of the atmospheric radiative transfer is based on the work in [42] , which computes the absorption of microwave radiation by atmosphere gases for clear sky conditions. In this paper, we applied the Born approximation [32] to characterize the snow scattering of microwave radiation; the Born approximation accounts for the internal volume scattering of snow to better characterize the effects of large snow grains on the microwave scattering. In MEMLS, radiative transfer properties are calculated from the layer thickness, the temperature, the grain size, the density, and the liquid water content. These parameters match well with the outputs of SSiB3, except the metric used to describe the grain size, i.e., the Jordan model estimates grain diameter d, which is an estimate of the geometric grain size, but MEMLS requires autocorrelation length P ex to describe the snow grain scattering effects; the two grain size metrics must be related in order to use the coupled model to simulate T b . P ex characterizes the two-point autocorrelation function of the ice-air matrix [37] , and in literature, it has been found to be proportional to d as follows:
where β is an empirical constant, and β = 0.16 has been recommended in [43] and has been used in other research (e.g., see [36] ). This recommended β value and (3) will be also used in this paper to relate d and P ex .
C. Layer Combination Resampling Scheme During Snowfall Events
Snowpack is a layered medium [44] as a result of multiple snowfall events and snowpack metamorphism, such as the formation of depth hoar layers. Montane snowpack can have tens or hundreds of layers, in which snow properties (e.g., the density, wetness, and the grain size) may exhibit significant vertical stratification [44] . Some models independently characterize each snowpack layer and track tens or even hundreds of layers [45] , [46] , whereas simpler models [29] , [47] approximate the snowpack stratigraphy using one to five layers, with the snow properties in each layer resampled from the full stratigraphy to imitate the properties of the original snowpack [36] . Simulations using a limited number of snowpack layers are typically more computationally efficient, enabling their use in high-resolution large-scale modeling.
During snowfall events, the three-layer SSiB3 model must combine new snow with the existing snowpack layers. The bulk properties of each layer must be then recalculated as an average of the original three layers that existed presnowfall and the new snow. A method for doing this was previously presented [31] and will be referred to as the "mass-weighted resampling scheme." The mass-weighted resampling scheme recalculates a range of snow properties for the new threelayer snowpack, e.g., snow density, temperature, water content, depth, and grain size. Indeed, resampling any of these snow properties would lead to corresponding changes in the predicted microwave radiance from the snow. However, based on our tests at the 36.5-GHz V-Pol, only the changes in the snowpack stratigraphy and the grain size resulting from the massweighted resample would significantly impact the radiative transfer properties of the snowpack by adding a bias of 10-20 K to the simulated radiance, i.e., the changes in the other snow properties have a very minor influence on the microwave radiance above the snow surface. There are two major reasons. First, the scattering by snow grains is the dominant process modulating the upwelling 36.5-GHz radiance; the radiance is highly sensitive to the changes in the grain size [6] , [7] but is not very sensitive to the changes in other snow properties at this frequency. Second, the mass-weighted resampling scheme significantly changed the grain size estimate (shown in Section IV-C and Appendixes), whereas the changes in other snow properties due to resampling are much smaller. Therefore, our model calibration only treats the stratigraphy and the grain size.
If the grain size in the bottom snowpack layer before snowfall is defined as d before and the grain size in the bottom layer after snowfall is d after , then incorporating the new snowfall via the recombination algorithm leads to
where Δ > 0 is the drop in the grain size due to incorporating the fine-grained new snow. As will be shown later in this paper, it was found that the layer combination resampling scheme during snowfall events was of critical importance to the accuracy of the modeling. Indeed, we found that the simple mass-weighted average introduced large positive biases into the simulated T b during the first large snowfall event of each season. Since T b is generally inversely correlated with d, these positive T b biases are indicative of Δ values that are too large. By examining the seasonal grain size estimates, we confirmed that the mass-weighted average scheme significantly underestimated the grain size during the first large snowfall event and led to positively biased T b estimates (more details about this T b bias are presented in Section V-A). The biases in the modeled d and T b are possibly a result from the fact that the massweighted resampling scheme in SSiB3 mainly focuses on preserving the mass and energy balance of the snowpack, with little consideration of snowpack microphysical characteristics (i.e., the grain size) and the impact on the microwave radiative transfer, i.e., the biases are generated by nondesirable model artifacts introduced by the snowpack stratigraphic resampling. We explored two methods to modify the model relayering scheme and the grain size estimate for better radiance simulations. The first method will be referred to as the "iterative resampling scheme"; in this scheme, the bottom-layer snow grain size is adjusted in order to constrain the T b prediction of the three-layer model to match that of an unresampled four-layer model run using the presnowfall snowpack and the new snow as the top layer. The iterative resampling scheme preserves the bulk radiative properties of the snowpack but is computationally inefficient.
The second method will be referred to as the "empirical resampling scheme" hereafter, and it uses a tunable parameter to approximately preserve the bulk radiative snowpack properties. Specifically, a positive constant C is calibrated as a function of the precipitation intensity and incorporated into the layer combination routine such that
As described in the following, we apply the iterative resampling scheme in point-scale modeling using three years of data, wherein we derive the parameters for the empirical method by the regression analysis of the results from the iterative method. The details of the SSiB3 mass-weighted resampling scheme, its impact on radiance modeling during large snow events, and the details of the iterative and empirical resampling schemes are presented in the Appendixes.
IV. MODELING EXPERIMENTS
In this paper, we aim to accurately simulate the microwave radiance from the mountain snowpack and explore the saturation behavior of the microwave radiance from the modeling results. Hourly modeling experiments were carried out at a 90-m spatial resolution for WYs [2003] [2004] [2005] [2006] [2007] [2008] . In order to focus on the model stratigraphy and grain size resampling, we corrected for the undercatch of the NLDAS-2 precipitation data by calibrating the biased precipitation against the snow pillow data to make the modeled SWE agree with the in situ measurement. In addition, we refined the dry grain growth rate parameter in the Jordan grain size model per recommendation. We tested the iterative resampling scheme and the empirical resampling scheme against the satellite-observed radiance using the modeled T b for three WYs and validated over three different WYs. Finally, from the high-resolution modeled radiance, we explored the PM saturation behavior for our study area.
A. Correction of Precipitation Undercatch
In this modeling experiment, our objective is to explore the question of whether the coupled LSM and RTM would predict the correct T b given the correct SWE and grain growth parameter. The NLDAS-2 precipitation data are known to contain systematic low biases [26] . Therefore, we calculated sitespecific temporal-invariant precipitation undercatch correction scalar values using the SWE measurements for each gage and for each year in the six-year study period. The corrections showed that the bias in the NLDAS-2 appeared to be similar both spatially and temporally in the relatively small Upper Kern, i.e., all the correction scalars were within the range from 1.6 to 1.9. Therefore, in the three-year modeling test experiment at the three in situ gages, for each gage, we used the mean of the correction scalars calculated for this gage over the entire study period to correct the biased precipitation at this gage. For the basinwide modeling experiments, we corrected the bias of all the pixels within the Upper Kern with a single scalar calculated from the mean of the three scalars used for the three gages in the point-scale experiments.
B. Calibration of Dry Grain Growth Rate
In the Jordan grain size model, the adjustable grain growth rate α 1 characterizes the increase in the dry-snow grain size. As introduced in Section III-A, Jordan recommended a nominal α 1 value on the order of 5.0 × 10 −7 m 4 /kg and noted that it should be considered a parameter for calibration [33] . For this reason, prior to the modeling experiments of WY2005 (which has the largest snow accumulation during the six-year study period), we calibrated α 1 after correcting the undercatch in the precipitation forcing, with the mass-weighted resample scheme. We found that the modeled radiance decreases faster than the AMSR-E observations during the snow accumulation season, which indicates the nominal α 1 is too large for characterizing the snow growth in the Upper Kern. We found that α 1 = 3.0 × 10 −7 m 4 /kg best reproduced the observed AMSR-E radiance for WY 2005. This α 1 was then tested at the three gages for other years; the test results showed that the general trends of the modeled radiance were consistent with the observations. Therefore, α 1 = 3.0 × 10 −7 m 4 /kg was adopted for all the snow grain size modeling in this paper.
C. Point-Scale Modeling With Iterative Resample Scheme
In order to test and validate the iterative resampling scheme used in estimating the grain size during large snowfall events, we ran model simulations with the precipitation undercatch corrections at the three sites, or the 90-m model pixels corresponding to the three snow pillows (CBT, CHP, and UTY) for WYs 2004, 2005, and 2006. As shown in Table I , these three years have large snow accumulation and are thus worst cases in generating the biases in the modeled grain size and T b . For each year, modeling was conducted hourly for only the drysnow season from October 1 to the end of February because liquid water started to appear beginning in March. When snow is wet, modeling T b involves a new set of processes; moreover, for wet snow, the T b values contain little or no information about the SWE. Thus, we focus on modeling dry snow in this paper. For each snow pillow and each of the three years, we ran the iterative resampling scheme and calculated the value of C in each case. Note that no AMSR-E observation data were used in the calibration of C (see Appendix III-A for the details of the iterative resampling scheme). We compared the T b simulated at the three snow pillows with the AMSR-E measurements interpolated using the Gaussian inverse distance weights (GIDWs) defined in [14] .
D. Parameterizing Empirical Resampling Scheme With Point-Scale Modeling Results
With the C values calculated from the point-scale modeling with the iterative resampling scheme, we fit an empirical relationship between the values of C and the precipitation intensity (the details of the empirical resampling scheme are described in Appendix II). Such an empirical scheme enables the direct calculation of grain size correction ratio C based on the precipitation intensity, thus avoiding the iteration of the computationally expensive iterative resampling scheme. As shown in the following, the empirical resampling scheme was tested at both point-scale (see Section V-B) and basinscale simulations (see Section V-C1), and it was validated via comparison with the AMSR-E observations (see Section V-C2).
E. Basin-Scale Modeling With Empirical Resampling Scheme
The
The independent application of the modeling at each pixel makes the computational effort perfectly parallelizable; therefore, the basin-scale modeling experiment was run in parallel to save computing time. Using 100 central processing units called for the simulation over the Upper Kern Basin, each WY took around 90 min to run.
In order to validate the empirical resampling scheme and to show whether we are able to capture the spatiotemporal variability observed in the AMSR-E T b measurements from modeling, the radiance modeled at each 90-m pixel was aggregated to the AMSR-E 36.5-GHz footprint scale (14 km × 8 km) for comparison. During WYs 2003, 2007, and 2008, all AMSR-E footprints with at least half of its ground coverage falling within the Upper Kern Basin were used in the comparison. The antenna sampling pattern (the footprint geolocation and the orientation) [28] of these selected AMSR-E footprints was used, as described in [14] , to resample the model data to calculate the modeled T b value over the scene observed by AMSR-E. This allows for comparison between the high-resolution modeling and the relatively coarse observation. However, the relief of the terrain was not considered in this paper. Since terrain relief could also affect the pattern of the observed radiance [48] , the terrain effects should be explored in future studies.
V. MODELING RESULTS AND DISCUSSION
A. Evaluating Iterative Resampling Scheme at Point Scale
Point-scale modeling was carried out at the three in situ gages for WYs 2004, 2005, and 2006. Fig. 2 shows the time series of the grain size estimates in SSiB3. The colored curves in Fig. 2 represent the bottom-layer grain size obtained from simulations with no correction (green) and with the iterative resampling scheme (red). Comparing the two time-series grain size estimates, we found that the correction reduced the drop in the grain size caused by the first snowfall greater than 2 cm/day that typically occurred from late December to early January. As described in the Appendixes, SSiB3 requires the top two layers of the three modeling layers to be thin, with the top two The light-gray curve and the dark-gray curve are the grain size of the top and middle snow layers, respectively. The green curve is the bottom-layer grain size using the mass-weighted resampling scheme, and the red curve is the bottom-layer grain size using the iterative resampling scheme.
layers mainly consisting of fresh snow with small snow grains. Under this model requirement, the changes in the grain size of the top two layers as a result of the stratigraphic resampling have a very minor influence on the radiance modeling; rather, the bias is dominated by the bottom layer of the three since it is much deeper and has larger snow grains compared with the top two layers. The bottom layer accounts for the vast majority of the volumetric scattering of the entire snowpack. Therefore, in order to save computational time, no iterative corrections were conducted for these two layers, and the grain size in the top two layers are shown in gray in Fig. 2 . However, it should be noted that the relatively insignificant role of the top two layers in the current stratigraphic setting is another model artifact; in reality, the top few layers of the snowpack play an important role in the radiative transfer, and their influences are particularly significant when the snowpack saturates the ground emission and when liquid water starts to exist in the surface of the snowpack at the early melt season. In this study, we only calculated the snow grain size in the bottom layer with the iterative resample scheme. Since no grain size measurements were available at these locations, we must compare the T b simulation with the measured T b values to assess the effectiveness of the iterative resampling scheme. Fig. 3 shows the time series of the simulated T b using both the mass-weighted resampling scheme and the iterative resampling scheme, as well as the AMSR-E T b measurements interpolated to each snow pillow location via the GIDW, as discussed previously. We compared the simulated T b with the AMSR-E GIDW T b and found that the radiance simulated with the mass-weighted relayering scheme was biased at all the three gages. The comparison between the two simulated seasonal T b and GIDW T b (blue curves) processed from the AMSR-E observations clearly shows that, as a result of the reduced underestimate in the bottom-layer grain size, the positive T b biases during intense snowfall were substantially reduced. In order to quantify the improvement due to the iterative resampling scheme, we calculated the relative error ratio between the T b values estimated from the iterative resampling scheme and the mass-weighted resampling scheme at the end of the first large snowfall event of each year in the form of
The T b values in (6) are from the end of the intense snowfall event; therefore, δ evaluates how the iterative resampling scheme can reduce the bias during intense snowfall events. We also calculated the RMS error (RMSE) of the T b estimated across the entire dry-snow season to get a sense of how the iterative resampling scheme could improve the accuracy of the entire dry-season estimate. Table II shows the δ values, as defined in (6); all the calculated ratios in Table II are less than 1.0, indicating the absolute error in the estimated T b after the snowfall event was reduced. The mean of the relative error ratio of the iteration method in Table II is 0.23. This indicates that the iterative resampling scheme reduced the T b error that was generated during the first intense snowfall event by 77% on average. Table III shows the T b RMSE for the entire dry season. The mean RMSE of the iterative resampling scheme at all three gages for all the three years is 3.26 K. Compared with the mean RMSE of the T b estimated from the mass-weighted resampling scheme, which has an RMSE of 7.27 K, the iteration method improves the accuracy by 55.2%. The cost of these improvements is the extra computational burden as the improvement involves the iteration of the radiative transfer calculations. The point-scale modeling was carried out at an hourly basis; each year has 8759 modeling steps. For the three years when the point-scale modeling was conducted, each year, there were around 75 time steps in which the precipitation was larger than 2 cm/h. When using the iteration method, it typically took three to five iterations for the convergence; in one case, 38 iterations were required.
B. Calibrating and Validating Empirical Resampling Scheme at Point Scale
With the correction results obtained from the point-scale experiments using the iterative resampling scheme, we attempted to define a one-to-one relationship between the amount of the bottom-layer grain size correction and the intensity of snowfall from the point-scale correction results. We obtained the following relationship between the corrections to P ex (C P ex ) and precipitation intensity P following the processes of developing the empirical resampling scheme in Appendix III-B:
C P ex = 0.6123 × log 3.6 (P + 1).
The empirical resampling scheme in (7) show that the error in the bottom-layer grain size estimates were reduced, and the corresponding T b simulation becomes closer to the satellite measurements: The T b errors at the three gages was reduced by an average of 66.3% at the end of the first intense snowfall event, and the mean RMSE of the dry-season T b was reduced from 7.1 to 3.3 K. Table I . Less snow accumulation also led to an earlier melt onset in WY 2007 than the other two years, i.e., the area with higher April 1 T b is larger than the other two years, indicating that, by April 1, snow has been melted over a larger area in WY 2007. Fig. 6 also shows the simulated basin-scale radiance characterized the details of the radiance distribution in the complex terrain in the Upper Kern Basin, demonstrating that highresolution modeling was needed to capture the spatial variability of the landscape and its influences on the microwave radiance. Significant aspect-related variability in the northwestern part of the basin is visible in Fig. 6 , as the contrast of T b for south-and north-facing slopes is large; the T b values for the south-facing slopes are higher, which is mainly due to the fact that the south-facing slopes in Sierra Nevada get more solar energy and have a slightly higher snow temperature.
C. Basin-Scale Experiments
2) Comparison Between Aggregated Modeling T b and AMSR-E Observations:
The modeled T b at each Upper Kern pixel was aggregated to the AMSR-E footprint scale to compare Fig. 7 also shows an east-west T b gradient in both the modeling and the observation for all the three years; the T b in the west is lower than that in the east. This is possibly a result of the storm track, which causes the terrain to the west to generally have greater snow accumulation, effectively creating a small precipitation shadow [49] . This leads to the T b to the west generally being lower than that to the east. Fig. 8 also shows that, after March 1, when the snow started melting, the water content in the snowpack made it emit the microwave radiance approximately as a blackbody, and it dramatically increased the modeled T b , leading to the modeled T b values that were 25-30 K higher than the observed T b . After all of the snow melted in July, the ground properties become dominant in the microwave radiance emission from the snow-free ground. During the summers, the modeled radiance generally agrees with the observation well, although we observe a low bias of about 2 K in the simulated radiance. This T b error is possibly due to the errors in the soil roughness parameter estimated by the rough soil model during the thawing of the frozen soil or a slightly negative-biased ground temperature estimated by the SSiB3 model. Fig. 9 is a scatterplot showing the modeled and measured T b from October to March 1 The average of the basinscale dry-season RMSE across the three years is 3.1 K, which is comparable with the mean RMSE in the point-scale corrections using the iteration method (3.26 K). The basinscale dry-season modeling results indicate that the relatively simple empirical resampling scheme is not only computationally economical, but it also successfully avoids introducing T b biases generated by model artifacts during intense snowfall events.
D. Analysis of Spaceborne PM Saturation Behavior
Numerous modeling and field studies focused on estimating the SWE with PM have reported the saturation of the snow signal in satellite PM measurements (e.g., see [7] , [9] , [11] , [17] , [32] , and [50] - [56] ). Saturation occurs when the snowpack scatters all the microwave when it transmits inside the snowpack, leading to the radiance observations no longer decreasing in response to an increase in the snow depth. Sometimes, when saturation occurs, the radiance above the snow surface mainly comes from the upper snow layers where the grains are small and where there is less scattering. This phenomenon has been observed to cause an increase in T b in response to the depth [57] . Indeed, increases in T b in response to the snowfall were observed in the AMSR-E data in this paper and were reproduced by the model (see Figs. 3 attributable to the differences in the density, the grain size, and the stratigraphy of the snowpack [7] , [52] , [54] .
The interannual comparison between the simulated T b and the SWE at all three gages in Fig. 3 In order to investigate whether the relatively stable T b from December to March of WY 2005 is a result of saturation, we compared the modeled bottom-layer transmissivity of the snowpack with the modeled SWE for the first day of each month in the dry season of WY 2005. As discussed previously, the top two layers are thin, and their effects on the radiance attenuation are negligible compared with the much thicker bottom layer; thus, they are not included in this comparison. The transmissivity and SWE comparison was conducted only at gage UTY because the T b modeled at UTY agreed better with the AMSR-E measurements than the other two gages (as the results in Fig. 3 and Table II show). The results in Fig. 10 show that the transmissivity of the modeled bottom layer decreases with the increase in the SWE. However, the transmissivity significantly decreases more slowly after January 1; from January to March, the transmissivity decreases by 0.09 corresponding with an SWE increase of 0.5 m, and in contrast, from October to December, the transmissivity decreased by 0.75 as a result of a 0.35-m SWE increase. The relatively small change in the snow transmissivity is an indication of microwave radiance saturation.
We also compared the AMSR-E T b with the measured SWE at UTY. The results in Fig. 11 show the saturation of T b in WY 2005. In Figs. 10 and 11 , an SWE of 0.3-0.5 m tends to be a turning point where the effect of further SWE increases becomes insignificant on the attenuating microwave radiance. Therefore, we conclude that the 37-GHz microwave emission in the Upper Kern saturates when the SWE reaches 0.3-0.5 m. Converting this saturation SWE to the saturation depth (∼1-1.5 m), it can be found that the saturation depth in the Upper Kern is higher than the typical 37-GHz saturation depth. One possible explanation for this is the Upper Kern maritime climate, where the mild temperatures and the deep snowpack lead to relatively small temperature gradients, which further leads to a slow grain growth [58] . Thus, during the accumulation season, the snow grain size tends to be smaller, which leads to higher saturation depths [7] , [17] , [53] , [54] , [56] .
Another factor influencing the saturation behavior of the satellite PM observations is the large spatial variability of alpine snow. In the Upper Kern, the rugged terrain and the large elevation gradient lead to significant spatial variability in the snow accumulation. As a result, in some areas, the snow accumulation is deep enough to saturate the local microwave radiance, but in other areas, the snow accumulation is not sufficiently deep for saturation. For example, Fig. 12 compares the measured basin-average T b with the modeled basin-average SWE for the first day of each month in the dry-snow season of WYs 2003 WYs , 2007 WYs , and 2008 . The basin-average T b was calculated from raw AMSR-E footprints using the footprintbased areal weight (FBAW) method introduced in [14] , and the basin-average SWE for each day was calculated using the mean modeled SWE across the study area. As Figs. 10 and  11 indicate, the snow radiance signal saturates when the SWE reaches 0.3-0.5 m at the point scale. At the basin scale, as shown in Fig. 12 , the AMSR-E observations still responded Fig. 13 shows that, whereas the basin-average SWE on March 1 of WY 2008 is approximately 0.55 m, the east side of the basin has significantly lower accumulation than the west side, as discussed in Section V-C2 [49] . We calculated the mean, the standard deviation, and the coefficient of the variation of the SWE within each footprint from the high-resolution model pixels, and we compared them in Table IV . The mean SWE values within each footprint varied from 0.34 to 0.63 m, which is nearly a factor of two. The SWE standard deviation within each footprint ranged from 0.03 to 0.09 m. The coefficient of variation ranged from 0.06 to 0.24. In Fig. 13 and Table IV , footprint 3 has the greatest coefficient of variation, encompassing both large SWE values along ridge lines, along with the Kern River valley itself, with much lower elevations and, thus, less SWE accumulation. Results show that, whereas the average footprint SWE in the west part of the domain may be saturated, the average SWE in some footprints to the east was at the lower boundary of the saturation range; therefore, these footprints were still sensitive to increases in the SWE. In a previous study conducted by the authors [14] , a strong correlation was diagnosed between the annual minimum AMSR-E T b observations in the Upper Kern Basin and the in situ SWE measurements taken on the day of the annual minimum from snow pillows. The in situ SWE at the times when the annual minimum T b occurred have been found to exceed most of the reported saturation depths. Indeed, the annual maximum accumulation and minimum T b are often after March 1, with a measurable change in T b visible for the SWE increasing from 50 to 80 cm. Since these variations are after March 1 when snow sometimes becomes wet, we hypothesize that the large values of the saturation SWE in that study would need to be investigated along with the snow melt-refreeze cycles, which is beyond the scope of this paper.
VI. SUMMARY AND CONCLUSION
A physical snow model with a simplified snow stratigraphic representation was set up at a 90-m spatial resolution to attempt to replicate the spatiotemporal pattern of the 37-GHz microwave radiance from the maritime snowpack in the Upper Kern Basin, Sierra Nevada. A new grain size estimate scheme was proposed and integrated into the model to handle intense snowfalls with respect to the stratigraphy representation and the brightness temperature prediction. The precipitation and the coefficient governing the grain growth rate were calibrated using WYs 2004 WYs , 2005 WYs , and 2006 . The modeling framework was tested and validated using WYs 2003 WYs , 2007 WYs , and 2008 , and the saturation behavior of the microwave radiance from the highly variable snowpack in the Upper Kern was examined from the modeling results.
It was shown that simplistic snow stratigraphic representations during intense snowfall events such as those in the Sierra Nevada can lead to model artifacts that degrade model radiance simulations throughout the season due to their underestimation of the snow grain size. The errors in the grain size estimate lead to a systematic positive bias in the modeled microwave radiance up to 20 K. A new stratigraphic resampling scheme was proposed that avoids the model artifacts, leading to dryseason (October-March) RMSE values of 3.5 K compared with the AMSR-E T b measurements during the three years used to calibrate the resampling scheme. The resampling scheme was used to simulate T b and compare it with the AMSR-E measurements across the Upper Kern Basin during another three years not used in the resampling scheme calibration. The RMSE of the T b aggregated from the basin-scale modeling is about 3 K over the dry-snow season, indicating that the microwave radiance estimated by the model closely replicated the radiance observations. Modeling attempts were unsuccessful after melt began, with errors greater than 10 K.
The saturation effect of the SWE on the microwave radiance in the mountainous Upper Kern was assessed by analyzing the measured SWE and T b , as well as the modeled snowpack transmissivity and the modeled T b . We found SWE saturation values between 0.3 and 0.5 m from the simulations for WYs [2004] [2005] [2006] . The values are significantly greater than the value reported in existing literature [7] , [17] , [53] , [54] , [56] ; we hypothesize that this is a result of the smaller snow grains in the maritime snowpack. The large spatial variance of accumulation impacts the saturation of large-scale radiance observations as well. Analyzing the subfootprint SWE distribution from the high-resolution modeling results shows that, even late in the accumulation season when large SWE exists, the radiance signal could remain unsaturated in AMSR-E observations due to the footprint averaging over both the saturated and unsaturated areas; thus, the overall observation still responds to the snow increase in the unsaturated regions.
The experiments in this paper have demonstrated the feasibility of applying simplified models to accurately estimate the microwave radiance for dry snow in mountainous areas at a high spatial resolution. According to the work in [16] , the errors of the snow microwave radiance modeling needs to be within the range of ±5 K in order for the RA to yield benefits to SWE estimates. Therefore, when applying RA to estimate the SWE, increasing the accuracy of the microwave radiance estimate will allow for the assimilation system to better translate radiometric observations into snow information.
APPENDIX I SSIB3 MASS-WEIGHTED AVERAGE RESAMPLING SCHEME SSiB3 uses three stratigraphic layers. The top two layers are designed to be relatively thin so that the snowpack temperature can be sufficiently sensitive to the atmospheric changes. The top layer and the middle layer can have a maximum depth of 2 and 20 cm, respectively, and the balance of the snow depth belongs to the bottom layer. In the seasonal time-series modeling, if snowfall occurs in a modeling step, the snowpack just after snowfall has four layers, i.e., the initial three-layer snowpack from the previous step and the newly accumulated layer. SSiB3 utilizes three-layer snowpack in modeling; thus, the four layers need to be resampled. For simplicity, hereafter, the four-layer snowpack is called the preresample snowpack and is designated as D 4 (Z), i.e.,
where Z is a vector of the height of each layer center point above the soil, and D 4 (Z j ) represents the jth layer with height Z j . Similarly, we call the three-layer snow resampled from D 4 (Z) the postresample snowpack D 3 (Z), i.e.,
SSiB3 applies a mass-weighted average resampling scheme fully described in [31] to resample D 4 (Z), which can be written as
where w is the resampling matrix. The elements of w ij (i ∈ [1, 3] and j ∈ [1, 4] ) is the mass ratio of D 4 (Z j ) to be merged to D 3 (Z i ); therefore j=1:4
show the mass contribution from each of the preresample snowpack layers (j ∈ [1, 4] ) to each postresample layers (i ∈ [1, 3] ). The relayering scheme has a set of protocols to determine w ij based on the stratigraphic condition of D 4 (Z). The details of the protocol can be found in [31] .
APPENDIX II INADEQUACY OF MASS-WEIGHTED AVERAGE COMBINATION RESAMPLING
A significant positive bias was introduced to the modeled T b after the first intense snowfall event of each season; the maxi- Fig. 14) , leading to an increase in the snow depth from 41 to 103 cm in two weeks. The rapidly accumulated snow led to an increase of ∼30 K in the modeled microwave radiance after the snowfall. However, the AMSR-E-observed T b does not show such a large increase in the same period (see the bottom of Fig. 14) . We found that the positive bias in the modeled T b is attributable to two things. First, the mass-weighted stratigraphic resampling described in (10) underestimates the snow grain size after the intense snowfall, and the underestimations are amplified when a large amount of new snow accumulates atop the relatively shallow snowpack. Second, the snow grains in the lower part of the snowpack dominate the attenuation of the microwave radiance because of their strong scattering effects; the underestimated grain size (particularly the grains in the bottom layer) has a lower scattering coefficient, leading to the positive bias in the modeled T b . Fig. 15 illustrates the mechanism of the grain size underestimation. The left side of Fig. 15 shows preresample snowpack D 4 after the intense snowfalls ended at mid-January 2005; a total of 62-cm low-density fresh snow (with P ex equal to 0.05 mm) accumulated on top of the old three-layer snowpack (with a 41-cm depth). The right side of Fig. 15 shows postresample snowpack D 3 . As aforementioned, the top and middle layers of the postresample snow cannot be deeper than 2 and 20 cm, respectively. Therefore, the vast majority of the fresh snow was moved to the bottom layer in the resampling; the low-density fresh snow took up most of the resampled bottom layer, leading to a decrease in the proportion of the bottom-layer snow mass to the total mass of the snowpack. Therefore, in the mass-weighted average snow property calculation, the bottomlayer grain size decreased. The decrease in the bottom-layer grain size further leads to the increase in the microwave radiance, i.e., at CBT, the T b modeled from postresample snowpack D 3 is ∼259 K at the end of the first intense snowfall (see the right side of Fig. 15 ), which is 17 K higher than the AMSR-E-observed 242 K. However, the T b simulated from the unresampled D 4 is ∼240 K (see the left side of Fig. 15 ), which is much closer to the AMSR-E observation. Several experiments carried out at the other snow pillows yielded similar results: The bottom-layer grain size showed a noticeable decrease after the stratigraphic resampling, and a considerable positive bias emerged in the simulated T b from postresample snowpack D 3 . However, the T b that was simulated with preresample snow D 4 was close to the T b observations because no stratigraphic resampling was carried out. These experiments demonstrated that the SSiB3 stratigraphic relayering scheme leads to the positive bias in the modeled T b .
We also found that the bias in the modeled T b was most noticeable in the first intense snowfall event of a season; the effects of the snowfalls at later parts of a season are generally negligible. The reason is that the fresh snow "reshuffling" that caused the model artifact was only significant in the first snowfall. In the later snowfalls, the existing snowpack was deep relative to the snowfall, and the effect of the shuffling becomes insignificant; thus, there was no large bias generated.
APPENDIX III NEW LAYER COMBINATION RESAMPLING SCHEMES
We developed two methods to correct the underestimated bottom-layer grain size: One of them is an iterative method, and the other is a regression method that was calibrated to match the results of the iterative method but at less computational expense. We assume that the goal of the resampling scheme for the grain size should be to make the T b prediction for the three-layer model be as close as possible to that of the fourlayer model. When calculating the improved bottom-layer grain size, we tried to minimize not only the difference between T b4 and postresample T b3 but also the difference between the three- Fig. 16 . Relationship between the Pex correction ratio and the snowfall intensity. The black curve is the function fitted from the point-scale correction results from the iteration method. The more intense a snowfall is, the larger the grain size underestimation is. Therefore, in general, the correction ratio is positively correlated with the snowfall magnitude.
and four-layer grain size values. Conceptually, we try to solve the optimization problem as follows:
In (13), the first term |T b4 − T b3 | denotes the discrepancy between the four-layer T b and the calculated postresample T b , and ε is some threshold. In addition, we also want the postresample grain size to be as close as possible to the preresample grain size to reduce the effect of the relayering on the grain size estimate.
A. Iterative Combination Resampling Scheme
When snow is dry, snow grains attenuate the upwelling microwave transmission inside the snowpack through scattering and absorption, leading to a negative correlation between T b and the grain size. The first intense snowfall occurs in early or midwinter, when the snowpack is mostly dry; thus, it is feasible to take advantage of the negative correlation between T b and the grain size to calibrate the bottomlayer grain size. In this method, the grain size of the bottom layer of the postresample snowpack is calibrated until the simulated T b is within the ε of the reference T b . It was found that if a precipitation event is larger than 2 cm/day, the relayering scheme will generate a noticeable decrease in the bottom-layer grain size. If the precipitation is greater than 2 cm/day, then iterations are performed to gradually increase the mass-weighted average bottom-layer grain size by 0.00001 mm/iteration until the absolute difference between T b3 and T b4 is less than ε = 0.01 K.
B. Empirical Combination Resampling Scheme
As the iterative scheme is rather computationally expensive, it was desirable to derive a one-to-one relationship between the magnitude of the bottom-layer grain size correction and the intensity of snowfall. Specifically, since the iterative resampling scheme has been used to reduce the bias at the three snow pillows, we used the iterative correction results and calculated the ratio of the bottom-layer grain size correction with respect to the bias. We performed a regression to the precipitation magnitude collected from the precipitation gage at each snow pillow and the ratio of the bottom-layer grain size correction to correlate the correction with the intensity of precipitation. Such a relationship between the correction and the snowfall simplifies the bottom-layer correction to a lookup table problem and enables the fast computation of the grain size correction, which is desirable for large-scale high-resolution modeling. We applied a logarithm function for the regression as follows:
where C P ex (in percentage) is the correction ratio, P is the precipitation magnitude in centimeters/day, and a and b are the parameters yielding the best fit between C P ex from the iterative results and their corresponding precipitation intensity P . A logarithm function was used because it not only fits the general trend of the data points but also passes through the origin, which is attractive because if no snowfall occurs, there should be no correction. We used (14) to fit the correction results obtained from the point-scale iteration method (see Fig. 16 ). a = 0.6123 and b = 3.6 yield the best fit, where the RMSE of the fit is 0.13.
